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A B S T R A C T
Traditionally in Hungary the soil cover under agricultural and forestry management is typically characterized
independently and just approximately identically. Soil data collection is carried out and the databases of soil
features are managed irrespectively. As a consequence, nationwide soil maps cannot be considered homo-
geneously predictive for soils of croplands and forests, plains and hilly/mountainous regions. In order to compile
a national soil type map with harmonized legend as well as with spatially relatively homogeneous predictive
power and accuracy, the authors uniﬁed their resources. Soil proﬁle data originating from the two sources
(agriculture and forestry) were cleaned up and harmonized according to a common soil type classiﬁcation.
Various methods were tested for the compilation of the target map: segmentation of a synthesized image
consisting of the predictor variables, multi stage classiﬁcation by Classiﬁcation and Regression Trees, Random
Forests and Artiﬁcial Neural Networks. Evaluation of the results showed that the object based, multi-level
mapping approach performs signiﬁcantly better than the simple classiﬁcation techniques. A combination of best
performing classiﬁers, when each classiﬁer's vote on the same object is weighted according to its conﬁdence in
the voted class, led to the ﬁnal product: a uniﬁed, national, soil type map with spatially consistent predictive
capabilities.
1. Introduction
Land use requirements are becoming more and more complex, and
demand for rational land use is increasing (Verheye, 2009). In the
meantime, more and more environmental conﬂicts and risks are
emerging (Brauch et al., 2011). These driving forces make spatial and
land management planning more and more important, which are
expected to result in increasingly reliable plans. Planning, in turn,
requires accurate, coherent and quality spatial data (Andrew et al.,
2015). The goal of soil mapping is to reveal and visualize the spatial
relationships of the thematic knowledge related to soil cover (Brevik
et al., 2016). Soil maps are thematic maps, where theme is determined
by some speciﬁc information related to soils (Miller and Schaetzl,
2014). This can be a primary or secondary (derived) soil property or
class as well as any knowledge characterizing functions, processes or
services of soils (Minasny et al., 2012). Traditionally, spatial knowledge
on soils is mostly summarized in the form of soil type maps based on an
appropriate classiﬁcation system (Brevik et al., 2016). Generally, these
maps are simply called soil maps, which in fact reﬂect their importance.
On the other hand, according to Webster (2015) the emphasis on
classiﬁcation may cause certain constraints and the availability of
various soil property, and functional soil maps (Hengl et al., 2015;
McBratney et al., 2003; Scull et al., 2005) is increasing rapidly.
Historically, soil mapping was based on soil typology and soil types
have strong didactic signiﬁcance. Soil type maps have been created on
diﬀerent levels and according to diﬀerent classiﬁcation systems. The
actual applicability of the recently elaborated system (new national
systems, World Reference Base, USDA Soil Taxonomy, Universal Soil
Classiﬁcation, Golden et al., 2010) for mapping greatly depends on the
availability of the proﬁle description in the given system due to their
inherent diﬀerences, and the diﬃculties in their accurate correlation
opportunities (Michéli et al., 2006).
1.1. Soil classiﬁcation and soil type maps
The Hungarian Soil Classiﬁcation System is based on the genetic
approach of Dokuchaev (1883). It considers soil forming as a genetic
process (pedogenesis), in which geographic conditions are substantial
(Stefanovits, 1963, 1972; Szabolcs, 1966; Várallyay et al., 1979). In the
last few decades, due to the development of soil science and infor-
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matics, as the social and global demands have been changing, the
diagnostic approach of soil classiﬁcation systems has come to the
forefront (USDA ST, WRB, Universal Soil Classiﬁcation). WRB is widely
used by Hungarian experts, moreover, the Hungarian soil classiﬁcation
system is nowadays undergoing a modernization process including the
adoption of diagnostic categories (Michéli, 2011; Michéli et al., 2014,
2015). A WRB based harmonized digital soil map and database for the
Danube Basin of the Danube-region (embracing Hungary) has been
compiled very recently by Dobos et al. (2016), whose legend stopped on
RSG level and its spatial resolution is 463 m. The applied, slightly
modiﬁed e-SOTER methodology used automated classiﬁcation algo-
rithms and soil diagnostic property maps as regionalized qualiﬁers,
which were elaborated based on proper reference data (Dobos et al.,
2011, 2013). It did not use classiﬁed soil proﬁles, which is reasonable,
since too few surveys were carried out according to the standardized
nomenclature of WRB. The most extended, harmonized surveying
campaign was made within the framework of the BIOSOIL project
(Lacarce et al., 2009). In the BIOSOIL survey the ICP Level I and Level II
monitoring plots were used to conduct a uniformly detailed soil survey
using the WRB nomenclature and description rules (Hiederer et al.,
2011). For Hungary 78 Level I and 4 Level II monitoring plots were
assigned. The low number of spatially representative soil observations
with suﬃcient diagnostic description and/or which are classiﬁed
according to the renewed systems did not reach the level, where a
high resolution, nationwide soil type map could be targeted with a
legend according either to WRB or the renewed Hungarian system.
Due to the shortage of WRB compatible data, the traditional
Hungarian classiﬁcation system was used in the present mapping
process. The system sorts soils into main soil types such as skeletal
soils, lithomorphic soils, brown forest soils, chernozems, salt-aﬀected
soils, meadow soils, alluvial and deluvial soils, and peat soils. There are
some diﬀerences between the soil classiﬁcation used in forests and on
arable lands. The soils of agricultural and forest areas have been
surveyed independently, the former was carried out by agricultural
experts, while the latter was conducted by foresters. Forest classiﬁca-
tion makes several diﬀerences between some soils to ﬁt soil utilization
better (Szodfridt, 1993). Forestry classiﬁcation includes a gravelly
skeletal soil with a native forest cover of turkey oak (Quercus cerris
L.) and pedunculate oak (Quercus robur L.) called ‘cseri’ soil. It also
diﬀerentiates between brown earths on loess and sand. The Hungarian
name of the latter (‘rust-red brown forest soil’) indicates Fe-oxides. This
type of soil has poorer fertility than classic brown earths. Forestry
classiﬁcation also diﬀerentiates between meadow forest soils and
alluvial forest soils, which diﬀer in the characteristic humus form.
Agricultural types were supplemented with some typical forest soils to
cover the whole range of soil types.
Due to the general geographical conditions of Hungary physiogra-
phy and land use is strongly related (Fig. 1). Great plains, character-
istically with fertile soils, are dominated by arable lands while hilly and
mountainous regions are characterized by forests. Traditionally, soil
cover under agricultural and forestry management is typically char-
acterized independently. Soil maps with forestry origin never went
beyond the areas characterized by forest land use. On the other hand,
countrywide soil (type) maps were compiled with full national coverage
based on soil data originating purely from out-of-forest areas. These
national maps characterized forest dominated, hilly/mountainous
regions either simply as forest (1:200.000 scale genetic soil map;
Jeney and Jassó, 1983; Fig. 2), or with signiﬁcantly lower thematic
and spatial resolution (AGROTOPO; Fig. 3) as opposed to plains with
arable lands. Consequently, there has not been a real nationwide soil
type map – which is consistent regardless of land use – with harmonized
legend and spatially homogeneous predictive power and accuracy for
soils of croplands and forests. However, tasks of national spatial
planning and basement of agricultural adaptation strategies
(AGRAGis, 2016; NAGis, 2016) have increasingly required the avail-
ability of such a map product. For the support of these demands the
compilation of a uniﬁed, national, soil type map with spatially
consistent predictive capabilities was targeted by the present work by
testing and applying suitable digital mapping approaches.
Four approaches were taken into consideration for the compilation
of the targeted map product (Fig. 4).
1. A trial was made for the disaggregation of the above mentioned,
national, small scale, legacy soil type maps (Pásztor et al., 2015). On
plains the approach performed suﬃciently, but the signiﬁcantly low
predictivity of the source maps within forests could not be improved
by this technique.
2. The second approach was successfully applied by Dobos et al.
(2016) for the compilation of the WRB RSG level, digital soil map
of the Danube Basin. But it did not prove to be feasible in the case of
soil type level Hungarian classiﬁcation, since the numerous soil
properties, necessary for the classiﬁcation, are not available in map
form. Their compilation would require much more resources than it
has been available for the recent “single” mapping.
3. Soil type maps according to the traditional Hungarian soil classiﬁca-
tion were compiled for the areas of agricultural land across the
country at a scale of 1:10.000 in the 1960s, '70s and '80s.
Theoretically, their digital processing, harmonization and integra-
tion could provide a further opportunity. Nevertheless, there are
also some shortcomings. (i) In forestry the delineation of mapping
units on large scale maps is not based on pedological boundaries,
but soil types are assigned to forest parcels. (ii) These large scale
legacy soil maps were not produced comprehensively neither on
arable lands nor in forest. (iii) Only a part of them has been digitally
processed in the last few decades, consequently their availability has
been stressfully limited for the present initiative.
4. Finally, there is the possibility to return to the original survey data
by the application of suﬃcient number and properly classiﬁed soil
proﬁles originating from the two branches. Appropriate classiﬁca-
tion techniques together with high resolution, thematically diverse
environmental auxiliary information can be used for the spatial
inference of the collected legacy data. Due to the shortcomings and
disadvantages of the former three methods, we turned to this
approach and elaborated a uniﬁed, national soil-type map for
Hungary by integrated, object-based and multi stage classiﬁcation
methods.
1.2. Numerical classiﬁcation in digital soil mapping
Data-mining methods (e.g.: Classiﬁcation and Regression Trees -
CART, Random Forest - RF, Artiﬁcial Neural Networks - ANNs) aim at
extracting hidden information from a data set, in order to make (either
spatial) predictions. In Digital Soil Mapping (DSM), data mining
methods can reveal relationships between soil features (properties or
classes) to be mapped (dependent variable), and the available environ-
mental data (independent variables) related to the soil-forming factors
(Behrens and Scholten, 2006).
CART is a non-parametric, recursive partitioning method with
excellent predictive capabilities (Breiman et al., 1984). It is simple to
understand and interpret, when both continuous and categorical
environmental predictors are available (Henderson et al., 2005;
Lawrence et al., 2004). CART models are currently and prevalently
applied in DSM in order to compile soil type maps (Giasson et al., 2011;
Scull et al., 2005), disaggregated categorical soil maps (Moran and Bui,
2002; Nauman and Thompson, 2014; Pásztor et al., 2013), the
prediction of particle size distributions (Greve et al., 2012), or
geographic distribution of hydromorphic organic landscapes (Bou
Kheir et al., 2010).
RF (Breiman and Cutler, 2009) is based on the CART method,
growing many classiﬁcation trees. For each tree, the training data set is
randomly split to a subset, which grows the tree, with the remaining
data serving for testing or validation. Randomly selected predictor
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variables are chosen at each split, and the strongest variable is selected
to split the data from this random subset. RF make lots of weak,
independent trees, therefore it discerns patterns that otherwise may be
disregarded in the cases of few strong trees (Stum et al., 2010). RF is a
relatively new method in DSM, it was used to predict topsoil texture
classes (Hitziger and Ließ, 2014), soil parent material (Heung et al.,
2014), soil organic matter (Wiesmeier et al., 2011) as well as soil types
(Brungard et al., 2015; Láng et al., 2016; Stum et al., 2010). Hengl et al.
(2015) generated numerous soil property predictions (organic carbon,
pH, sand, silt and clay fractions, bulk density, cation-exchange capacity,
total nitrogen, and exchangeable acidity, Al content and exchangeable
bases) of Africa in 250 m resolution by RF.
ANNs are standard techniques inspired by data processing in
biological nervous systems, where diﬀerent kinds of cells aim at
receiving, storing and forwarding information, as well as the outward
release of it. ANNs, as supervised learning algorithms require informa-
tion to extract knowledge that can be used for a subsequent prediction
(Zell, 1994). ANNs are current methods in DSM, e.g. predicting soil
physical properties (Chang and Islam, 2000; Pachepsky et al., 1996),
soil chemical properties (Amini et al., 2005; Patel et al., 2002; Saﬀari
et al., 2009), yield prediction (Dai et al., 2011; Kaul et al., 2005), and
soil erosion (Kim and Gilley, 2008). Behrens et al. (2005) mapped soil
units in a German sample area and found the predictive power of ANNs
considerably high. Bagheri Bodaghabadi et al. (2015) examined ANNs
and DEM attributes to predict soil classes.
2. Materials and methods
For the mapping procedure a harmonized soil dataset consisting of
the detailed description of almost 60,000 soil proﬁles, describing 41
representative soil-types with spatial reference and a corresponding
dataset of 32 spatially exhaustive, ancillary, environmental variables –
including legacy soil data – was established covering the whole area of
the country.
2.1. Soil proﬁle data for agricultural land
Two independent datasets were involved in our study. The
Hungarian Soil Information and Monitoring System (SIMS) consists of
1234 observation locations, which have been selected to represent
physiographical-soil-ecological units. SIMS contains detailed and up-to-
date quantitative soil information about physical and chemical proper-
Fig. 1. Hungary's general geographical (A) and the related land use (B) conditions. Plains are dominated by arable lands; mountainous regions are mainly characterized by forests.
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ties on layer level (Várallyay, 2002). It is considered as a reference
dataset which was also heavily relied on during the renewal of the
Hungarian Soil Classiﬁcation System (Michéli et al., 2015).
The Hungarian Detailed Soil Hydrophysical Database (MARTHA;
Makó et al., 2010) contains harmonized soil hydrophysical and
chemical information collected from various sources. In MARTHA,
the soil information is available for 3937 proﬁles, which can be
considered representative for agricultural areas.
2.2. Soil proﬁle data for forest land
In Hungary soil data collection in forests is bound most commonly
to the procedure of the preparation of management plans. In the past,
before the 1990s, forest site data were collected within the framework
of site mapping campaigns, however, they had an uneven spatial and
temporal distribution, and the preparation of countrywide forest site
maps remained unﬁnished. In the case of forest planning the forest
surveying experts follow the instructions described in the “Guidelines
for forest management planning” (State Forest Service — ÁESZ, 2004).
During the ﬁeld survey each compartment should have at least one soil
proﬁle, however, in cases when more than one typical site types are
probably present – on the basis of vegetation diﬀerences – each of them
has to be sampled by at least one proﬁle. If necessary, between proﬁles
the survey points can be multiplied by core sampling. Besides the in situ
examination of proﬁles, samples are taken from genetic horizons for
laboratory analysis. The workﬂow of in situ and laboratory analysis are
carried out according to the national standards (MSZ, 1978a, 1978b).
The applied forestry database consists of app. 55,000 data points of
forest compartments that were subject to site and soil surveys in the
past (proﬁles with laboratory analysis, proﬁles with in situ description,
core samplings with in situ description). The database contains the
following information on the soil proﬁles: genetic soil type, texture
class and rooting depth class.
2.3. Harmonization of soil proﬁle datasets
The majority of the soil types in the datasets with diﬀering origins
are identical or very similar. However, we had to make some correla-
tion to elaborate a harmonized platform, because of some diﬀerences
between the two systems as it was mentioned in the Introduction. The
Hungarian soil classiﬁcation system served as a common base for the
correlation, where type and sub-type levels are used diﬀerently in the
two systems. The Hungarian soil classiﬁcation is a genetic system, based
on the appearance and strength of the soil formation processes in the
proﬁle. However, the attitude of the descriptions was slightly diﬀerent,
the surveyors tried to involve more details in the description according
to the soil's actual usage, even on subtype level in some places. In
agricultural areas the properties of management-associated near-sur-
face levels were highlighted (organic matter status, salt quality, etc.). In
the forest areas, where the water supply of the tree root zone is
Fig. 2. Nationwide legacy soil type maps: 1:200.000 scale genetic soil map (A). Forest is a unique legend element (B); the map was synthetized from larger scale soil maps, which did not
represent the country homogeneously, this fact is strongly reﬂected in its pattern (C).
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essential, the description has been focused on this part. As a conse-
quence, some “local” soil types were also described concerning the
physical-chemical properties of the deeper layers. We found such forest
soil-variants typically in transient zones, e.g. between the forest and
meadow soils, or forest and alluvial soils.
Speciﬁcally, the so-called ‘cseri’ soil was considered as gravelly
skeletal soil, due to its characteristics. Meadow and alluvial forest soils
were classiﬁed into soils of swampy forests. The brown earths on sand
have been distinguished from brown earths, even though they are
massed together into the same type in the agricultural system. Table 1
lists the harmonized soil types with their main soil type group
classiﬁcation and their population in the two types of data sources.
The harmonized soil dataset contains the data of almost 60,000 soil
proﬁles with spatial reference, describing 41 soil types. The majority of
the ﬁnal classes are pure, only 4 of them are aggregated from multiple
soil types.
2.4. Environmental co-variables
A corresponding dataset of 32 spatially exhaustive, ancillary,
environmental variables – including legacy soil data– was established
covering the whole area of the country.
Topography was based on the EU-DEM (2015), which is one of the
most detailed, freely available DEM data sources. Its elevations were
captured at 1 arc sec postings (2.78E-4 degrees), the tiles are provided
at 25 m resolution. In addition to elevation, further terrain features
were calculated from the DEM within SAGA GIS (Conrad et al., 2015).
Beside Altitude, its following derivatives were used: Aspect, Channel
Network Base Level, Diurnal Anisotropic Heating, Morphometric
Features, LS-Factor, Mass Balance Index, Multiresolution Index of
Valley Bottom Flatness (MRVBF), Multiresolution Index of Ridge Top
Flatness (MRRTF), General-, Plan-, and Proﬁle Curvature, SAGA Wet-
ness Index, Slope, Stream Power Index, Real Surface Area, Topographic
Position Index, Topographic Wetness Index, Vertical Distance to
Channel Network, Distance to Actual Stream Network.
Lithology was derived from the Geological Map of Hungary
1:100.000 (Gyalog and Síkhegyi, 2005). In order to simplify the large
number of lithology and facies categories, units were correlated with
the nomenclature of parent material deﬁned in the FAO Guidelines for
soil description (Bakacsi et al., 2014; FAO, 2006).
The level of groundwater was taken from the Geological Atlas of
Hungary (Pentelényi and Scharek, 2006). The polygon based map
displays rather broad interval categories, not continuous depth.
The climatic properties of the country were represented by four
parameters. Spatial layers of average annual evapotranspiration, aver-
age annual precipitation, average annual temperature, and annual
evaporation were interpolated, applying the MISH (Meteorological
Interpolation based on Surface Homogenized Data Basis, Szentimrey
and Bihari, 2007) method for gridding hourly station data. It was
developed at the Hungarian Meteorological Service speciﬁcally for the
interpolation of meteorological data, and is based on the idea that the
highest quality interpolation formula can be obtained when certain
statistical parameters are known. These parameters are derived by
modelling, using long term homogenized data of neighbouring stations.
Land use was taken from the CORINE Land Cover 1:50.000 (CLC50;
Büttner et al., 2004). CLC50 is a national land cover database
Fig. 3. Nationwide legacy soil type maps: Genetic soil type layer of AGROTOPO (A). The representation of areas with diﬀerent physiography/land use is rather inhomogeneous: hilly
regions dominated by forests (B); plains characterized by croplands (C).
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elaborated on the basis of the CORINE nomenclature of the European
Environment Agency (EEA), and adapted to ﬁt the characteristics of
Hungary. In order to stratify regions with diﬀerent land cover, merged
categories of CLC50 were used. In the merge we considered that the
diﬀerent soil forming factors and soil types are generally reﬂected in the
land use. The main objective of this approach is to improve the
predictive applicability of remotely sensed information (described in
the next paragraph).
Earth Observation imagery provides temporally versatile spatial
information on the state of vegetation, which is strongly correlated
with soil properties (Dokuchaev, 1899; Jenny, 1941; Shantz, 1911).
MODIS images from two dates (16.03.2012 and 07.09.2013) represent-
ing diﬀerent phases and states of vegetation were chosen for mapping.
Red, near-infrared (NIR) bands as well as Normalized Diﬀerence
Vegetation Index (NDVI) were used from both dates (MODIS 09
products). Furthermore, two NDVI products (MOD13Q1) were in-
volved, which provide information from 16 day periods (03.2012 and
09.2013). Spatial resolution of the images is 250 m (NASA LP DAAC,
2015).
The use of legacy soil data supports the applicability of DSM and
improves the accuracy of DSM products (Pásztor et al., 2013, 2016). In
the present work we also turned to spatial soil information systems,
which were elaborated based on legacy soil maps. The Digital Kreybig
Soil Information System (DKSIS, Pásztor et al., 2012) is the most
detailed spatial dataset related to soils, and covers the whole country.
The scale of the original legacy maps is 1:50.000. The categories of the
DKSIS physical soil property layer are attributed according to water
retention capability, permeability and inﬁltration rate of soils. The
chemical property categories are based on pH, CaCO3 and salt content.
AGROTOPO is a national spatial soil information system originally
compiled and displayed on 1:100.000 scale topographic map sheets. It
consists of ~3.500 soil mapping units (SMUs as polygons) which are
characterized by 9 basic soil parameters from which we used genetic
soil type. Furthermore, we used the digital version of the genetic soil
map produced by MÉM NAK (the predecessor of the National Food
Chain Safety Oﬃce). The map is thematically the most detailed
nationwide representation of the Hungarian soil classiﬁcation system,
comprising the major soil groups, types and subtypes (Kocsis et al.,
2015).The basic, but not well documented soil mapping knowledge
applied during the process of their compilation was intended to be
utilized for the elaboration of the new map. DKSIS represented the large
scale spatial delineation of the soil cover, while the two, synthetized
soil type maps contributed the regionalization of the genetic features.
However, the applied classiﬁcation techniques do not require the
normality of the variables, the continuous environmental variables with
non-normal marginal distribution were transformed using square root
and logarithmic transformation, since the same ancillary dataset was
further used in some (here not presented) digital soil mapping methods.
Nonetheless, several environmental variables remained, where these
transformations could not be carried out due to their intrinsic proper-
ties. In those cases, we suitably categorized them generating factor
variables. For example, Real Surface Area was categorized into 4 classes
(10000–10002/10002–10008/10008–10045/10045–12316); Aspect
was converted into Eastness and Northness, which were categorized
from −10 till 10 by 0,2 ranges; MRVBF and MRRTF were rounded to
integer values. In order to harmonize the (moderately) diﬀerent spatial
resolution of the predictor variables, we resampled them into a
common 100 m grid system (in SAGA GIS), which also deﬁnes the
spatial resolution of the result maps.
2.5. Segmentation according to environmental co-variables
Image segmentation is a widely applied method in image analysis. It
is a process, which partitionates a digital image into multiple segments,
that is to sets of connected pixels. The goal of segmentation is to
simplify and/or change the representation of an image into something
that is more meaningful and easier to analyse (Benz et al., 2004). The
purpose of the introduction of object based classiﬁcation was to
Fig. 4. Four approaches for the compilation of the nationwide soil type map: disaggregation of small scale legacy soil type maps (1). Based upon suﬃcient quantity of relevant soil
property maps and their automated classiﬁcation (2). Digital processing, harmonization and integration of large scale soil maps originating from various sources (3). Sequential
classiﬁcation of uniﬁed, classiﬁed soil proﬁles (4).
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delineate areas composed of a set of similar locations (represented by
pixels) featured by the applied environmental co-variables, which are
diﬀerent from surrounding areas. The assumption is that these areas are
exposed to similar soil forming processes and consequently can be
considered as individual soil bodies. From this method we expected (i)
on the one hand, faster classiﬁcations, since instead of all the pixels,
much fewer image objects should be handled, and (ii) on the other
hand, we expected more rational classiﬁcation results, since environ-
mental structure elements (landscape elements) are expressed more
strongly in this way than in a pixel based approach.
In the present case instead of a real, remotely sensed multispectral
image, a synthetically compiled image, composed of environmental co-
variables was subjected to segmentation. We synthesized a geo-
referenced TIFF image consisting of the predictor variables as image
bands. It was loaded into the eCognition Developer as synthetic image
data. A sequence of multi-resolution segmentations was applied onto
the “image layers” to delineate homogeneous spatial entities that were
used later as objects for classiﬁcations based on selected homogeneity
criteria, which are a combination of colour (spectral values) and shape
properties. The shape criterion was set to 0.3, the compactness criterion
to 0.5. The shape and compactness parameters of multi-resolution
segmentation algorithm were selected by trial and error. Firstly, we set
a 0.1 lag to modify the value of compactness and shape parameter in
each step. Secondly, we made a full set of segmented images of a
selected part of the country, equally consisting of lowlands and
mountainous areas. During the segmentation steps we set the shape
parameter to 0.1, then we made segmented images running through the
compactness parameter from 0.1 to 1. We continued till the shape
parameter reached 1 and vice versa. This way what happened could be
followed with segments of environmental co-variables using diﬀerent
parametrization. We found that changing shape and compactness
parameters did not cause any major diﬀerences in the resulted
segmentation patterns. In our opinion it means that the selected
environmental co-variables are robust enough in the deﬁnition of
homogenous areas. Finally, values representing the middle ranges of
both parameters were selected.
We also applied diﬀerent scales for segmentation in order to ﬁnd the
best result for the required spatial resolution. The altering of segmenta-
tion scales (Fig. 5) corresponds to diﬀerent map scales resulting in
perfect topology of image objects allowing the reasonable aggregation
(upscaling) and disaggregation (downscaling) of soil bodies. A further
practical, useful consequence of the segmentation is the signiﬁcant
reduction of the elements used in the classiﬁcation algorithms, which
notably accelerates the computations as opposed to pixel based
calculations. Reference data were added as thematic layer. Image
segments containing learning sample soil data points served as learning
image objects to train the applied image classiﬁers.
Table 1
Harmonized soil types with their main soil type group classiﬁcation and their population in the two types of data sources.
Main soil type group Type code Uniﬁed soil type name # of observations # of aggregated soil types
Arable land Forests
Skeletal soils 110 Stony skeletal soils 15 167 1
120 Gravelly skeletal soils 7 364 2
130 Barren earths 26 555 1
930 Soils of slope sediments 145 603 2
Sand soils 140 Shifting sand 73 175 1
150 Humic sandy soils 107 18,092 1
460 Brown earths on sand 139 5970 1
470 Banded brown forest soils 63 2220 1
Lithomorphic soils 310 Humus-carbonate soils 0 339 1
320 Rendzinas 22 1197 1
330 Erubase soils 1 21 1
340 Rankers 0 486 1
Brown forest soils 410 Acidic, non-podzolic brown forest soils 0 556 1
420 Podzolic brown forest soils 10 333 1
430 Brown forest soils with clay illuviation 289 4926 1
440 Stagnant brown forest soils 204 1070 1
450 Brown earths 127 4519 1
490 Brown forest soils with carbonate residues 8 517 1
Chernozems 480 Chernozem brown forest soils 172 222 1
510 Leached chernozems 21 61 1
520 Pseudomyceliar chernozems 312 875 2
530 Meadow chernozems 406 506 1
540 Alluvial chernozems 38 96 1
Salt-aﬀected soils 610 Solonchaks 6 6 1
620 Solonchak-solonetzes 9 5 1
630 Meadow solonetzes 72 61 1
640 Steppe meadow solonetzes 23 66 1
650 Human-induced salt-aﬀected soils 0 4 1
730 Solonchak meadow soils 9 34 1
740 Solonetzic meadow soils 52 106 1
Meadow soils 710 Typic meadow soils 528 4626 1
713 Meadow soils, salt accumulation in deeper layers 0 109 1
750 Alluvial meadow soils 289 815 1
760 Peaty meadow soils 74 396 1
770 Chernozem meadow soils 172 9 1
Peat soils 810 Sphagnum peats 1 1 1
820 Meadow peat soils 9 948 1
825 Ameliorated peats 6 0 1
910 Soils of swampy forests 0 1532 2
Alluvial soils 210 Raw alluvial soils 12 254 1
220 Humic alluvial soils 393 1878 1
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2.6. Two-level, multi-step, sequential classiﬁcation
A sequence of classiﬁcation processes was applied to establish rule
sets to determine soil type instances in the environmental space.
Various methods (Classiﬁcation trees, Random forest, and Neural
Network classiﬁers) were used on two levels and in several, distinct
steps.
On the ﬁrst level main soil type groups (MSTGs) were classiﬁed and
predicted in multiple steps. Soil types (ST) were targeted only in a
second phase within the areas formerly attributed with their respective
(containing) MSTG.
We turned to this approximation, since the direct, one-level
classiﬁcation failed to produce results, which could properly represent
the soil cover of the country. The uneven spatial distribution of soil
types within the country and their unbalanced representation in the
uniﬁed reference dataset resulted in predictions, which did not even
pass mental validation, the Hungarian soil characteristics were not
reﬂected by the results.
This ﬁrst level (MSTG) classiﬁcation was carried out in multiple
steps. Overall classiﬁcation resulted acceptable delineation only for
selected MSTGs (sand, brown forest and lithomorphic soils). So in the
ﬁrst step areas assigned to any of these three MSTGs were retained, in
the next step, classiﬁcation was carried out only on the excluded areas.
Reference proﬁles belonging to the left out MSTGs were classiﬁed again
to get the spatial distribution of the other six MSTGs (skeletal, salt-
aﬀected, meadow, peat, alluvial soils and chernozems).
As the map of the MSTGs was compiled (Fig. 6), we divided all of
the points according to the 9 MSTGs, thus 9 training datasets were
formed and 9 soil type maps were compiled for the diﬀerent, spatially
complementary territories of the MSTGs. Salt-aﬀected soils were
conspicuously under-represented, therefore they were classiﬁed again
collectively with meadow soils. This result was added to the other salt-
aﬀected soils. Finally, the 9 spatially complementary layers were
mosaicked, and the nationwide ST map was compiled.
On both levels, in each step multiple classiﬁcation models were
applied (Table 2). Six models use CART, ﬁve are based on RF and one is
based on ANN classiﬁcation. The models with identical classiﬁcation
tools diﬀer either in the inherent parameters of the method or on the
segmentation level, on which they are applied. Segmentation was made
under diﬀerent scale factors (L) ranging from 100 to 3 (100, 50, 30, 25,
20, 15, 10, 3). Models (M1-M12) were run at each segmentation level
and those of the best performing pairs were selected.
2.7. Validation
Two types of validation were carried out. On the one hand, proﬁles
were split into learning and test sets, 20% of the proﬁles were left out
for validation. The validation provided by the test sets was used for the
estimation of classiﬁcation accuracy, which was carried out on both
(MSGT and ST) levels and in all steps. The best performing classiﬁer
was identiﬁed in each phase for each soil type. The 12 models rivalled
in the ﬁnal categorization of segments; the class predicted by the best
performer was assigned.
Besides the former data driven validation a trial was done for a
certain external validation. A set of digitally processed, large scale
legacy soil type maps (presented in the 3rd approach listed in Section
1.1) were also available for a non-systematic comparison (Fig. 7). The
predicted raster map was compared to the legacy soil type maps on a
pixel by pixel level, which were rasterized with 1 ha resolution to the
applied grid system. Since these type of legacy maps were not compiled
for forest areas, they cannot say anything about the recent ST
estimations predicted for these areas. For forest area validation a
collection of independent soil observations was set up. They originate
from a variety of sources: monographies, studies, expert's report,
reports on forest reservations and forest history etc. The 3253 plots
are scattered in 14 out of Hungary's 19 counties and cover all the
represented soil types except for salt aﬀected soils.
3. Results and discussion
3.1. Evaluation of the newly compiled nationwide soil type map
The main ﬁnal product of our work is a newly compiled nationwide
soil type map with harmonized legend and spatially consistent pre-
dictivity, which is shown in Fig. 8. A quick visual interpretation reveals
some of its advantages. Both the thematic and spatial representation of
hilly/mountainous areas is much more detailed than on former national
soil maps. Nevertheless, the mosaic-like pattern of lowlands is retained
and the large scale geographical structural elements are very well
reﬂected: large sandy soil areas can be identiﬁed in the region between
the Danube and Tisza rivers and in the Eastern part of the country; the
salt aﬀected, meadow and chernozem soils dominating areas of the
Great Hungarian Plain are also well identiﬁable. The extended areas
represented by seemingly homogeneous soil cover on former maps are
resolved according to their within pedological heterogeneity.
Fig. 5. Segmentation results at diﬀerent scales.
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The newly compiled product was compared to the two earlier
nationwide soil type maps on a pixel by pixel level. For this purpose,
they were rasterized with 1 ha resolution to the applied grid system. The
similarity was measured by overall accuracy and overall kappa (Cohen,
1960; Rossiter, 2014). Both measures showed that the maps are rather
dissimilar, that is in spite of the overall resemblance, locally they contain
divergent local predictions. To see the generality of this behaviour we
tested the three main physiographically separable land types (Table 3).
According to the results, the greatest diﬀerences between the new and
the old maps can be found in the mountainous areas, dominated by
forest. The level of dissimilarity is smaller in the case of AGROTOPO,
which also assigned soil types to the forest dominated, hilly/mountainous
regions (even with signiﬁcantly lower thematic and spatial resolution), as
opposed to the 1:200.000 scale genetic soil map, which characterized
these regions simply as forests. On the other hand, on lowlands the new
maps resemble more this latter, which fact can be attributed to some
common elements in their production.
To elucidate these ﬁndings, the content and elaboration of the two
pre-existing national soil maps should be brieﬂy summarized. Both
AGROTOPO and the 1:200.000 scale genetic soil map is a synthetized
map, but with diﬀerent origin and compilation rules. The agro-
ecological mapping units of AGROTOPO were delineated for the
support of the “Assessment of the agro-ecological potential of
Hungary” (Láng, 1983). Creation of soil polygons were mainly based
on the map series produced by the national Kreybig soil survey
(Kreybig, 1937; Pásztor et al., 2010). Seven soil features (in addition
to soil type parent material, soil reaction and carbonate status, soil
texture, hydrophysical properties, organic matter resources and soil
depth) were assigned to the polygons based on the Kreybig maps and
further source materials (Várallyay et al., 1985). Soil type assignment
Fig. 6. Nationwide MSTG map mosaicked from partial results.
Table 2
Summary table of the applied models. Segmentation was made using diﬀerent scale factors (L). Models (M1-M12) were run at each segmentation level and those of the best performing
pairs are presented.
Name Classiﬁer Segmentation level (L) No. of
classes
Max number of trees/training
algorithm
Max. depth of tree/activation
func.
Cross validation Forest accuracy/error
function
M1 Decision tree 20 41 1 100 3-fold –
M2 Decision tree 15 41 1 50 3-fold –
M3 Decision tree 3 41 1 100 3-fold –
M4 Decision tree 3 41 1 50 3-fold –
M5 MLP NN 20 41 BFGS 74 Tanh 3-fold Entropy
M6 Decision tree 15 41 1 100 3-fold –
M7 Random forest 15 41 500 – 3-fold 0.01
M8 Random forest 3 41 50 – 3-fold 0.001
M9 Random forest 3 41 100 – 3-fold 0.01
M10 Random forest 20 41 100 – 3-fold 0.001
M11 Random forest 15 41 50 – 3-fold 0.05
M12 Decision tree 3 41 1 200 5-fold –
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heavily relied on the available information on soil forming factors with
certain interpretation and extrapolation; no direct soil proﬁle data was
applied in the process.
The 1:200.000 scale genetic soil map was synthetized from 1:10,000
scale genetic soil maps by counties. These large scale maps were
directly prepared to present soil mapping units according to the
Hungarian (genetic) soil classiﬁcation system. They were compiled by
soil surveyors based on a detailed soil survey and well-established
large-scale soil-landscape models. The integration of county maps was
carried out by traditional cartographic methods, applying the available
within-county maps, which were compiled (as mentioned earlier) only
for the areas of agricultural land. Thus county maps already contained
extrapolated areas, where no survey data was available. The national
map was put together from the county maps with some cross-border
correlation. The mapping intensity and coverage of the counties was
not homogeneous, which is strongly reﬂected in the pattern of the
countrywide map. The reliability of the map is the highest on the areas
where intensive survey was carried out, and the sequential reconstruc-
tion retained the original survey's quality. There is also an initiative for
the improvement of this map per se (Kocsis et al., 2015).
The areal representation of soil types predicted by the new map was
also compared to the former two national soil type maps. Table 4
summarizes the prediction of the areal extension of various soil types
provided by the three distinct maps. Due to the above mentioned
diﬀerences in their origins and mental models built in their compila-
tions this type of comparison should rather be considered an indication
of their similarities and dissimilarities.
The importance of the newly prepared map could actually be
evaluated from the practical point of view. This is the ﬁrst countrywide
soil type map that uniﬁes expert inputs and databases from both the
agricultural farmlands and forested areas. As a consequence, this map
can be equally used for agricultural or forestry oriented purposes
providing interoperability between the sectors. Because of the robust-
ness and huge data background, the map is suitable to be involved in
nationwide spatial and land use management planning as it ﬁrst took
place in 2015, in the process of the renewal of the National Spatial Plan
(2016).
3.2. Validation results
Due to the two-level approach, validation was also carried out on
both levels. The performance of the classiﬁcation on MSTG level is
presented in Table 5 in the form of confusion matrix and accuracy
measures. The average Producer's Accuracy (PA) is 0.5, the average
User's Accuracy (UA) is 0.6.
According to PA and UA the weakest predictivity was achieved in
the case of salt aﬀected and skeletal soils. The best prediction was
provided for sand, brown forest and alluvial soils. As for an overall
evaluation of the MSTG level classiﬁcation results, the overall kappa
coeﬃcient shows agreement on the border of moderate and substantial
categories (Landis and Koch, 1977).
Performance of the 12 rivalled classiﬁcation models (M1-M12) on
ST level was also evaluated. Table 6 shows the number of proﬁles in the
retained validation set, which were classiﬁed correctly by the given
model into the various soil types. “N” means the number of observa-
tions in the soil type of a given row. “Hit” means the accuracy (in
percentage) of the model having the maximum number of correct
predictions with regard to the given soil type.
According to the results, M2 and M10 proved to be the best
classiﬁers for most STs, both in the case of nine. The second most
frequently best performed model are M5, M9 and M12 with seven STs.
However, the number of STs is just one measure of classiﬁer perfor-
mance. If we also consider the population of various STs represented by
the number of observations in the learning dataset the ranking changes
slightly. The best classiﬁer for the majority of cases is M12 with 62%,
the second one is M5 with 57% and the third one is M6 with 55%. The
former ranking reﬂects the capability of models for the successful
identiﬁcation of wide range of STs even with lowly populated ones. The
latter is featuring the applicability of the models for the accurate
classiﬁcation of densely populated STs with spatially extended occur-
rence. The majority of the models do not show any intention for ST
preference, they proved to be the best classiﬁer for diverse set of STs,
except for M5, which became the “winner” for four STs, the less
populated four of the six Brown forest soil types.
None of the models overperformed 62% accuracy. However, by a
proper combination we could ﬁnally produce 70% accuracy. It was
achieved by rivalling the 12 models in the ﬁnal categorization of
segments by a kind of an ensemble output. Every model has a prediction
on what class the given image element belongs to. We ranked these
single predictions on the basis of their conﬁdence coming from the
validation results. The class predicted by the best performer was
assigned to the mapping units. This way we did not stick in one of
the prediction models, we kept every model as an extraction of their
best performance.
Results of the external validation with legacy type maps are
summarized in Table 7. The numbers in the cells indicate areas in
hectares. MSTGs are grouped in the table to reveal misclassiﬁcations
within the same main group more easily. Skeletal and salt-aﬀected soils
are more or less correctly classiﬁed at least on MSTG level but they are
very lowly represented, which is not so surprising, since the legacy
Fig. 7. Sporadically available digitized large scale soil type maps were used for external validation. Black lines are soil map delineations with type classiﬁcation. In the background a part
of the newly compiled soil type map.
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maps were created for agricultural areas of great farms generally
operating on good quality land. Predicted and legacy mapped forest
and chernozem soils also coincide with higher conﬁdence, but there are
numerous misclassiﬁcations. Palpably there are some predicted soil
types, which occur in almost every reference class. There are some
easily interchangeable ST pairs, like Meadow chernozems (530) and
Chernozems meadow (770), in the Hungarian soil classiﬁcation system
(Michéli et al., 2014; Sisák, 2016). They systematically show strong
preference for misclassiﬁcation in our case, too.
Some of the former ﬁndings can be partly attributed to the
eventuality of the available validation sites and the under-representa-
tion of forest areas. As a consequence, this non-systematic comparison
could also simply be considered as an indication. The usage of the forest
validation data set, which also consists of eventually collected, but
point-like observations resulted in an accuracy of 65%, which fairly
well approximates the internally achieved 70% overall accuracy.
Fig. 8. The ﬁnal product: a uniﬁed, national, soil type map with spatially consistent predictive capabilities.
Table 3
Comparison of the three nationwide soil type maps. Their similarity is tested for three
physiographically separable land types and is expressed by two measures. The smaller the
number, the more dissimilar the compared maps are.
Agreement with the predicted soil type map Overall
accuracy
Overall kappa
AGROTOPO Lowlands 0,31 0,24
Hilly areas 0,27 0,15




Hilly areas 0,25 0,17
Mountainous areas 0,17 0,09
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The integration of legacy soil data and machine learning methods is
used rather widely internationally for the elaboration of improved soil
maps. The authors generally evaluate their product as improved spatial
soil information, but not necessarily the ﬁnal product (Bulmer et al.,
2016; Kempen et al., 2012). The suggestion is that further eﬀort should
be made to extend the applied databases by adding further legacy data
or incorporating new soil observations (e.g.: Hengl et al., 2015;
Sulaeman et al., 2013) using more and at the same time more
informative covariates as well as more sophisticated statistical models
(Hengl et al., 2014). In accordance with these trends, we do not
Table 4
Comparison of the areal extension of various soil types in nationwide soil type maps.
Type code Soil type name Area (ha)
AGROTOPO 1:200.000 genetic soil map Predicted soil type map
110 Stony skeletal soils 10,738 6253
120 Gravelly skeletal soils 11,836 76,235
130 Barren earths 53,828 4822 163,227
140 Shifting sand 372,435 99,075 15,553
150 Humic sandy soils 423,743 640,561 1,273,573
210 Raw alluvial soils 253,195 3335 59,998
220 Humic alluvial soils 554,508 414,024
310 Humus-carbonate soils 2598 50,201
320 Rendzinas 246,842 32,305 206,046
330 Erubase soils 14,813 442 21,715
340 Rankers 152,626
410 Acidic, non-podzolic brown forest soils 39,259 113 38,041
420 Podzolic brown forest soils 316 111,024
430 Brown forest soils with clay illuviation 1,483,198 813,400 593,451
440 Stagnant brown forest soils 168,367 112,028 153,778
450 Brown earths 868,462 798,665 1,039,247
460 Brown earths on sand 13,746
470 Banded brown forest soils 191,658 162,316 59,023
480 Chernozem brown forest soils 435,555 291,055 217,367
490 Brown forest soils with carbonate residues 65,305
510 Leached chernozems 77,269 39,356
520 Pseudomyceliar chernozems 943,472 483,017 476,746
530 Meadow chernozems 1,015,093 991,973 1,052,983
540 Alluvial chernozems 9271 114,985 51,108
610 Solonchaks 4670 8257 26,081
620 Solonchak-solonetzes 65,859 57,664 8672
630 Meadow solonetzes 275,110 256,851 177,705
640 Steppe meadow solonetzes 212,658 7608 104,933
650 Human-induced salt-aﬀected soils 12,172
710 Typic meadow soils 779,730 749,357 1,410,316
713 Meadow soils, salt accumulation in deeper layers 6111
730 Solonchak meadow soils 21,197 5831
740 Solonetzic meadow soils 242,065 256,738 186,887
750 Alluvial meadow soils 772,865 586,934 520,324
760 Peaty meadow soils 179,580 67,529 67,469
770 Chernozem meadow soils 231,631 86,747
810 Sphagnum peats 646
820 Meadow peat soils 41,613 45,312 42,039
825 Ameliorated peats 90,685 65,671 5764
910 Soils of swampy forests 7984 3595 66,300
930 Soils of slope sediments 52,684 148,184
990 Chernozem soils with forest 188,028
Table 5
Accuracy of classiﬁcation on Main Soil Type Groups (MSTG) achieved by best performing classiﬁers.









Chernozems 246 12 147 6 5 16 80 18 12 542 0,45
Brown forest s. 26 2054 280 258 31 6 68 207 2930 0,70
Sand s. 139 141 4492 19 59 12 408 3 34 5307 0,85
Lithomorphic s. 102 8 112 1 20 243 0,46
Peat s. 2 6 28 232 9 17 294 0,79
Alluvial s. 17 4 28 1 49 349 81 2 8 539 0,65
Meadow s. 94 101 338 4 115 111 719 50 17 1549 0,46
Salt-aﬀected s. 4 7 1 19 19 50 0,38
Skeletal s. 13 98 34 13 6 4 11 78 257 0,30
Sum 541 2518 5362 413 498 507 1404 92 376 11,711
Producer's accuracy 0,45 0,82 0,84 0,27 0,47 0,69 0,51 0,21 0,21
Overall kappa 0,6
Overall accuracy 0,7
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consider our map as the perfect and ultimate product, however, we
suggest that numerous improvements were achieved by its compilation.
4. Conclusions
A uniﬁed, national soil type map with spatially consistent predictive
capabilities was compiled applying traditional and newly tested DSM
classiﬁcation methods: segmentation of a synthesized image consisting
of predictor variables and multi-phase, sequential classiﬁcation by
Classiﬁcation and Regression Trees, Random Forests and Artiﬁcial
Neural Networks. Object based classiﬁcation using spatial-thematic
segments was applied to produce more map-like products and accel-
erate computations. Classiﬁcations in the phase space of the co-
variables were carried out on two levels (main soil type group and soil
type) to achieve better results. Performance of classiﬁers was continu-
ously assessed and applied for the identiﬁcation of best performing
predictions, which were combined for the production of the ﬁnal map.
We do not consider our map as the ultimate product, it could and
should be reﬁned and improved in a number of ways. The workﬂow
inherently makes it possible to keep the map easily updated or reﬁned if
new qualiﬁed data becomes available. However, there are other
opportunities for its upgrading. Partly independently of the presented
approach, further attributes of proﬁles contained by forestry databases,
namely soil texture and soil depth classes have also been mapped (not
discussed in details in the present paper but with plans for a forth-
coming publication). Texture and depth predictions are also planned to
be used to (i) verify and (ii) ﬁne-tune the recent soil type map in order
to obtain a coherent soil map series. Their mutual consideration can
help to avoid certain inconsistencies (e.g. between soil type and texture
class at the same location), which can easily occur if maps are
developed independently. The joint mapping of various soil features
can be imagined as a successive approximation process, where one map
will assist in the compilation of the other, which can then be further
used for the next modelling of the former. One of our recent challenging
tasks is the investigation of the convergence of the aforementioned
process.
Last but not least, the present work produced a soil type map
according to the traditional soil classiﬁcation system. This should be
attributed to the shortage of geo-referenced proﬁle description based on
WRB and/or Hungarian renewed classiﬁcation, not to the intention of
the authors. In the case of suﬃcient number of observations with WRB
and/or Hungarian renewed classiﬁcation, the work could and should be
repeated to produce a brand new Hungarian soil type map based on
recent and surveyed data and with a legend using WRB and/or
Hungarian renewed classiﬁcation.
Table 6
Performance of the 12 rivalled models on ST level. The best result for each ST is set in bold. “N” means the number of observations in the soil type of a given row. “Hit” means the
accuracy (in percentage) of the model having the maximum number of correct predictions with regard to the given soil type.
Soil type M1 M2 M3 M4 M5 M6 M7 M8 M9 M10 M11 M12 Max N Hit
Stony skeletal soils 13 0 3 1 4 5 3 0 12 20 12 2 20 37 54%
Gravelly skeletal soils 62 50 3 0 11 12 0 1 56 36 36 31 62 75 83%
Barren earths 35 1 0 1 11 9 2 2 7 53 27 14 53 117 45%
Shifting sand 30 32 22 25 34 39 24 22 41 25 26 40 41 50 82%
Humic sandy soils 1803 2972 2786 2786 3012 2997 2758 2753 2119 1925 1730 3122 3122 3640 86%
Raw alluvial soils 33 35 37 41 42 44 38 39 29 37 29 37 44 54 81%
Humic alluvial soils 221 287 307 306 318 314 289 283 207 254 199 322 322 455 71%
Humus-carbonate soils 42 38 25 23 26 27 24 24 37 51 44 12 51 68 75%
Rendzinas 164 194 188 183 187 183 184 182 144 161 153 95 194 244 80%
Erubase soils 5 3 4 1 5 0 1 0 4 4 5 0 5 5 100%
Rankers 59 81 71 75 58 62 70 79 48 50 41 44 81 98 83%
Acidic, non-podzolic brown forest soils 75 13 67 67 92 91 17 13 84 83 73 66 92 112 82%
Podzolic brown forest soils 51 22 44 41 65 62 25 20 50 54 52 51 65 69 94%
Brown forest soils with clay illuviation 499 517 635 462 755 556 603 427 477 500 390 721 755 1044 72%
Stagnant brown forest soils 139 130 157 137 178 156 153 132 154 157 120 207 207 255 81%
Brown earths 525 539 661 742 950 1044 637 712 582 810 593 1286 1286 2124 61%
Brown earths on sand 18 4 2 10 3 7 3 5 19 5 4 11 19 28 68%
Banded brown forest soils 342 4 277 281 155 151 47 52 299 398 333 85 398 457 87%
Chernozem brown forest soils 35 17 59 57 46 47 37 34 25 42 29 21 59 79 75%
Brown forest soils with carbonate residues 33 15 47 48 71 61 50 43 43 46 32 12 71 106 67%
Leached chernozems 12 14 8 5 11 10 5 8 12 9 8 3 14 17 82%
Pseudomyceliar chernozems 77 114 58 54 63 59 58 50 60 71 56 103 114 238 48%
Meadow chernozems 35 84 39 41 55 58 39 38 23 29 39 96 96 183 52%
Alluvial chernozems 17 4 6 6 4 6 1 3 12 19 10 9 19 27 70%
Solonchaks 3 3 2 2 0 2 3 3 0 0 1 0 3 3 100%
Solonchak-solonetzes 3 0 3 2 1 0 0 0 3 0 3 0 3 3 100%
Meadow solonetzes 16 14 22 18 16 22 21 16 16 20 11 10 22 27 81%
Steppe meadow solonetzes 11 12 11 12 14 15 17 17 11 11 9 7 17 18 94%
Human-induced salt-aﬀected soils 0 0 0 0 0 0 1 1 1 1 0 0 1 1 100%
Typic meadow soils 112 28 82 115 136 176 59 89 11 61 38 440 440 1031 43%
Meadow soils, salt accumulation in deeper layers 10 0 2 3 6 5 0 5 9 10 11 7 11 22 50%
Solonchak meadow soils 6 0 3 3 2 4 2 3 0 5 1 0 6 9 67%
Solonetzic meadow soils 8 0 3 1 8 8 2 0 7 14 6 9 14 32 44%
Alluvial meadow soils 90 38 74 53 88 61 61 43 95 88 89 84 95 221 43%
Peaty meadow soils 43 17 23 20 32 32 22 15 34 43 34 29 43 95 45%
Chernozem meadow soils 16 0 3 2 3 0 0 2 13 2 5 8 16 37 43%
Sphagnum peats 0 0 0 1 1 0 0 0 0 1 1 0 1 1 100%
Meadow peat soils 157 175 39 37 30 25 36 38 170 139 27 141 175 192 91%
Ameliorated peats 0 2 0 1 0 0 2 2 2 0 2 0 2 2 100%
Soils of swampy forests 90 189 123 121 133 137 118 117 88 146 104 109 189 307 62%
Soils of slope sediments 18 44 7 7 8 11 5 6 12 34 21 16 44 150 29%
All 4908 5692 5903 5791 6634 6498 5417 5279 5016 5414 4404 7250 8272 11,733
Model perf. 42% 49% 50% 49% 57% 55% 46% 45% 43% 46% 38% 62% 71%
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